We study the credit default swap (CDS) markets in the U.S. and Japan, focusing on bid-ask spreads which are closely related to the liquidity of the markets. Since bid-ask spreads dramatically surged during the financial crisis (2008)(2009)) and the market became very illiquid, it is crucially important to investigate how bid-ask spreads fluctuate. In this paper, not only do we make dynamic analysis of the bid-ask spreads in both countries but propose a model to predict bid-ask spreads via the self-exciting intensity process (the Hawkes process).
the CDS markets in the U.S. and Japan and fit some models to explain fluctuations of the BAS.
Studying both the U.S. and Japan markets is beneficial because the degree of market efficiency differ. Table 1 is a comparison of the contracts of the CDS indices, indicating a big difference in size.
In particular, an observation of time series data of CDS premia reveals the following: Larger and more frequent price swings have been recorded in the U.S. market. Lower-grade names are more frequently traded than investment-grade names in the U.S., while trade volumes in higher-grade names are far greater (than lower-grade) in Japan. Since the Japanese market is in its early period, a full utilization of the market to trade credit risks may have not been accomplished. It seems instructive to analyze the "developed" and "developing" markets simultaneously since one can understand the process of market evolution as well as the similarity and difference of the two markets.
Now let us take a look at Figure 1 again for the time series data of BAS and the numbers of quotes.
First, the number of quotes are far greater in the U.S. market compared to Japan. In both countries, as we know, there are high peaks in the quote numbers and BAS during the financial crisis (2008 ∼ 2009) 1 .
The relationship between these two variables needs more investigation: we shall also see the non-crisis periods in developing a model that predicts BAS.
We shall briefly mention main results of this paper:
(1) In Section 1.1, by simple regressions, changes in BAS of U.S. companies' CDS contracts can be explained both by their respective bid prices and the economic factors that surround the companies.
This is not the case in Japan, where the CDS market does not fully incorporate general and/or company-specific economic factors. The difference in the market efficiency may be attributable to this contrasting phenomenon.
certain economic variables by using the Hawkes processes. For example, Hewlett [9] uses for order arrivals in the stock market and Errais et al. [7] use for default events in a credit-related portfolio of large size.
We mention the data we use in this paper. For the regression analysis in section 1. 
Preliminary Regression Analysis
Bid vs Economic Variables: We shall take a look at "Bid" price of the CDS via a simple regression. This is because the BAS may be influenced by bid prices.
The objective variable is ∆(Bid) t is the difference in bid prices at time t. The first three valuables are, in essence, related to macro-economic situations: ∆(Interest) t is the change in yield rates of 10-year government bonds, (VI) t is the change in VIX (U.S.) or Nikkei Volatility Index, ∆(Volume) t is the change in trading volumes in the Dow Jones Index or TOPIX. The next three valuables are specific to the underlying loan/bond issuer: ∆(StockPrice) t is the change in the issuer's stock price, ∆(StockSigma) is the change in the stock price volatility from the last 4 prior weeks, and ∆(StockVolume) is the change in trading volume of the issuer's stock. Finally, we attach a dummy variable (Crisis) taking a value of zero if t is prior to September 15, 2009 and of unity if t is after that date. The result is summarized in Table 3 in the Appendix.
The third and fourth columns of the upper and lower panel are the adjusted R 2 of regression (1.1) for the U.S. and Japanese markets, respectively. In the U.S. market, the average (over 20 names) R 2 's are 0.1308 in the one-year CDS and 0.1988 in the five-year CDS. Several variables such as ∆(VI) t , ∆(StockPrice) t ∆(StockSigma) t have significant non-zero coefficients. (See Table 4 .) In contrast, in Japan, the average (over 20 names) R 2 are 0.01324 in one year CDS and 0.03966 in five year contract, far below the U.S. counterparts. The three valuables that seem to have significant impact in the U.S. market are not the cases in Japan. To get more information, we separate Japanese corporate names into two categories: high credit rating (A-or greater by the Japanese rating agency R & I) and low credit rating (BBB+ or lower). The average R 2 's are improved in the high rating category: one year CDS, 0.02471 and five year 0.05504, while the low rating category become even worse: one year CDS, 0.001767 and five year, 0.02429.
It is clear that part of variations of the bid prices in the U.S. market can be explained by the microand macroeconomic factors. But in Japan, bid prices are not so well explained by these factors, especially in the low rating category. In both markets, the R 2 are better in five year contracts than one year.
BAS vs Bid: The next question is to what extent BAS can be explained by bid prices:
The results are shown in the fifth and sixth columns of Table 3 . The averages (over 20 names) in Japan are 0.09647 (1 year) and 0.1093 (5 year) with significant non-zero estimates of a 1 in almost all names.
In the U.S. market, the numbers are 0.08024 (one year) and 0.16369 (five year) with significant non-zero estimates, too.
BAS vs (Bid + Economic Variables): A natural question is then if we add six variables in (1.1) to the estimation (1.2), can we get any improvement?
of 20 names do we observe marginal improvements. The latter result is consistent with the regression result of (1.1).
As a consequence of this test, we may say that in the U.S. market, BAS is explained both by bid prices and by micro-and macroeconomic factors, while in the Japanese market, BAS is explained only by bid prices. Since the CDS market in Japan is in its incipient stage, BAS are charged for some reasons that do not necessarily reflect the general economic or company specific factors. In particular, in the lower grade category, this phenomenon is more apparent.
Time Series Analysis

Autoregressive Model
To make a further comparison between the U.S. and Japanese markets and to better understand the interaction between bid prices and BAS, we consider the following vector autoregression (VAR): We tested 20 names in each market, using the data from Jan-2003 to Sep-2010 .
The results are shown in Table   5 . Let us first see the signs of each coefficient. The most striking feature is that the sign of b 22 (∆BAS→ ∆BAS) is negative in both markets and in both 1 year and 5 year contracts, while the sign of b 21 (∆Bid→ ∆BAS) is positive in most of the cases. Hence if one observes an increase in CDS price at some period, the next period is likely to witness an increase in BAS. Regarding this point, it is interesting to observe 5 out of 20 U.S. companies have negative signs on ∆(Bid) variables in regression (1.3), while 9 out of 20 U.S. companies have positive signs on the variable. See Table 4 .
On the other hand, if one observes an increase in BAS at some point, then one may see a decline in BAS in the next period. This "reversal" property checks BAS not to keep rising, so BAS remains in reasonable stable levels.
Another point to make is that there exists strong Granger causality from ∆BAS to ∆Bid in 11 names (6 names) out of 20 in the US 1 year (resp. 5 year) CDS market. There are also 9 names in 1 year contracts and 8 names in 5 year contracts in Japanese market. This causality is a bit counterintuitive.
A possible explanation is that the market participants may take BAS into consideration when they determine absolute levels of credit risk (i.e., bid price). To get more insights into this phenomenon, we conducted more Grander causality tests including quote numbers (Quotes, hereafter): See Table 6 where we test ∆(Bid) ∆(Quotes) and ∆(BAS) ∆(Quotes) and report the F -statistics. The causality observed here is less significant than the causality from ∆(BAS) to ∆(Bid). Hence if we look at a long time period, the relationship between the bid prices and BAS is stronger than that between Quotes and BAS.
DCC-GARCH Model
BAS-Bid
Next, we study dynamic correlation models with GARCH(1, 1), following the method proposed by Engel [5] . A brief explanation of this model is as follows: Defining an appropriate filtration (F t ) t≥0 , the ndimensional vector at time t, y t is modeled by y t = µ t + a t where µ t = E(y t |F t−1 ) and
. Now H t is in turn modeled by
where Q t satisfies
Here ϵ t is the standardized innovation vector with ϵ t = D
−1
t a t andQ is the unconditional correlation matrix of ϵ t . For Q t to be positive definite, a sufficient condition is that θ 1 , θ 2 > 0, θ 1 + θ 2 ≤ 1.
We fit the above DCC-GARCH(1, 1) to 10 names (5 each in the U.S. and Japan) Table 5 . In the U.S. market, however, the fluctuations seem greater as the credit rating goes worse.
Compare AT&T with credit rating A-and Chesapeake Energy (BB-). In contrast, in the Japanese 
BAS-Quotes
Next, from Figure 3 , we see that the variability in correlation coefficients (between Quote numbers and BAS) is not as large as in the previous pair. This may explain weaker causality relationship between the two variables. (Recall the results in Table 6 For the purpose of predicting BAS, we believe that short-run analytical tool is of more practical use.
As experienced in the recent financial crisis, liquidity crisis would break out all of sudden. The cost to hedge credit risks could surge in the short run. Thus, it would be helpful if one could foresee near-future BAS levels when trying to load and/or unload credit risks. From this point of view, although the causality relationship is stronger (at least in the long run) between Bid price and BAS, we shall concentrate on the Quote numbers to explain BAS. The occasionally observed high level of correlation between Quote numbers and BAS may provide us with a useful tool to predict liquidity levels in the short run.
The Hawkes Process
Specification
We build models to estimate and predict bid-ask spreads (BAS) in two steps: Let M be a standard Poisson random measure on R + × R + defined on a probability space (Ω, F, P) where (F t ) t≥0 is the augmented filtration generated by M . Let B be a standard Browinian motion independent of M . Define λ and N by setting N 0 = 0, λ 0 = a and
where a, b, c ∈ (0, ∞) are constants. Refer this formulation to Ç inlar [4] . It is called self-exciting (or the Hawkes process) in the sense that λ t is affected by the path of N over (0, t). The impact of N decays exponentially over time with rate c and the reversion level is a. The sensitivity parameter b takes care of the impact on λ when N increases. In our context, N is for the number of quotes and λ is the intensity of arrivals of these quotes. Moreover, we model the evolution of BAS, X = {X t , t ≥ 0}, by the Brownian subordination of N :
Since N is an increasing Lévy process and B is a Brownian motion in R independent of N , X is also a Lévy process (Theorem VII.6.2. [4] ). The simple idea is the following: In Section 2.2 we observe when there are enough numbers of quotes, the correlation between BAS and quote numbers becomes instantaneously higher and the changes in BAS are not uniform in the real time. Accordingly, this time-change seems natural. That is, BAS changes when there arrives a quote. Figure 4 show some sample paths of the intensity process λ t and the corresponding counting process N t . Figure 5 are some sample paths of the intensity process λ t with the corresponding Brownian subordination X t . Our estimation of the parameters in (3.1) is based on Ozaki [14] . Let t 1 , t 2 , . . . , t n be the times of occurrence, the log-likelihood function of N t is written
where [0, T ] is the observation period. In the specification of (3.1), it becomes For the parameters α and β in (3.3), we use the standard formula for geometric Brownian motion:
As for simulation, we use Algorithm 2 in Ogata [12] and we reproduce it for the record. By assuming that the minimum value of the intensity function is µ, the jump size at each point is not larger than B, and the Λ i are values, of the piecewise constant function such that λ(
1) Set Λ 0 = µ and s 0 = 0.
2) Generate a random variable U 0 uniform in (0, 1) and put
4) Set i = j = k = 0 and n = 1.
6) Set j equal to j + 1 and generate U j .
7) Set i equal to i + 1 and put
9) Set j = j + 1 and generate U j .
10) If
set n equal to n + 1, put t n = s i and go to step 5. Otherwise go on.
11) Set
. . , t n−1 ) and go to step 6.
Just as a preliminary test, we use the samples of one month data June 2012 ∼ July 2012 and estimate the parameters a, b and c. (See Table 2 .) Note that when feeding data into (3.4), we assume that quotes in one day are uniformly distributed within the day. By using the estimates, we simulate quote numbers and compare a sample path of N t with the actual quotes. See Figure 6 . The result is encouraging and
we proceed with some full-fledged estimations in the next subsection. 
Prediction
Let us move on to predictions of BAS via the Hawkes model. We shall conduct two types of performance tests.
First Test
We take 5 year CDS contracts and prepare three sets of in-sample period (two-and-half years) of Quotes and BAS: Figure 7 . It starts withâ = λ 0 = 1.105, but (λ t ) t>0 spends throughout the period above the level 1.105 and at this end of this period (two and half years), λ T is above 20. Hence it is by no means appropriate to useâ = 1.105 as the initial level of λ for the out-of-sample period that follows.
In view of this, we did the following two-step estimation:
(1) Use the whole two-and-half year sample data to estimate (â,b,ĉ). This procedure is justified also by our observation that the values of (b, c) are not so much varying within the two-and-half year periods. These parameters are rather characteristic of CDS reference (=company) names. The results are shown in Table 7 . The reference names are Dell, AT&T, AK Steel, Belo, Valero from the U.S. market and Toyota, Sumitomo, Softbank, Acom, and Kintetsu from Japan. We compare the actual data and simulated data in Table 8 
Second Test:
Again, we take 5 year CDS contracts. The next prediction experiment is done in the following way: 
Conclusion
We have done static and dynamic analysis for both the U.S and Japanese CDS markets focusing on the bid-ask spreads. We indicate similarities and differences between the two markets and also between the high credit and low credit ratings in the above sections. In particular, in the dynamic part, we treat both long run (i.e., DCC GARCH) and short run analysis (i.e., the Hawkes process fitting). The Hawkes process based model for bid-ask spreads fits the data well. We believe that this model can be a useful tool for liquidity risk management as well. Investors with a large portfolio of credit risk exposures may be able to estimate transaction costs and, more importantly, foresee possible surge of bid-ask spreads ahead of time. The latter could lead to a significant amount of cost savings.
In doing prediction, one could use the most recent actual values available in the market for a in (3.1), instead of using the estimated valuesâ ′ we did above. This parameter is very important because the initial level of the intensity process λ, and may improve the accuracy of predictions. 
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